Abstract. In this paper we present Robox, a mobile robot designed for operation in a mass exhibition environment. Robox is a fully autonomous mobile platform with unique multi-modal interaction capabilities and a novel approach to global localization using multiple Gaussian hypotheses. Here, we adopt an experimental view of the problem. After the problem specification of mass exhibitions, we outline issues regarding mechanical design, operating system, safety, software architecture and the mapping onto the multi-processor, multi-OS hardware. Finally, seen as an enabling technology of Robox, its localization technique is presented in detail. The localization approach is feature-based and addresses the data association problem with an interpretation tree using geometric constraints from the features. During tree traversal the constraints are used to form statistically feasible local-to-global associations resulting in a set of location hypothesis of unbounded accuracy. The method demonstrates robustness and practicability in an embedded system implementation. Ten Roboxes will guide hundreds of thousands of visitors through the Robotics pavilion at the Swiss National Exhibition Expo.02, ten and a half hours per day, seven days per week, from May 15 to October 21, 2002.
Introduction
Progress in the application of estimation and decision theory combined with advances in sensor and computer technology enable today reliable navigation in highly dynamic real world environments. A limited number of researchers have addressed the challenge of navigation in exhibition-like environments such as museums [5, 19, 17, 12] . In comparison to the robot presented in this paper, most of these systems have some important limitations: Rhino [5] and Minerva [19] were both successfully deployed in a museum during one or two weeks respectively. Their task was to give guided tours to the visitors. Their localization method relied on raw range and vision data. Using raw data in a highly dynamic environment makes it hard to say which sensor reading shall be taken for localization and which one is to be discarded. The filter which was used in [5] and [19] relied on the heuristics that range readings from dynamic obstacles are typically shorter than an expected range from the map. Unfortunately the robot position must be always known in order for this to work. Both robots were not autonomous with respect to computation, i.e. localization was running on an off-board hardware requiring a working radio link.
Unlike these short-term projects, [17] describe the permanent installations of the autonomous tour-guide robot Sage in a museum with a total of more than half a year of successful operation. For localization, the environment was substantially modified by adding artificial landmarks (color patches). The approach performes well but limits the movements of the robot to a predefined set of unidirectional safe routes which guarantee constant landmark visibliy. Obstacle avoidance just stops the robot such that it does not deviate from these routes.
A multi-robot installation which is operational since March 2000 is presented in [12] . Three self-contained mobile robots, also as a permanent installation in a museum, have the task to welcome visitors, offer them exhibitionrelated information and to entertain them. Their navigation area is restricted and very well structured. Localization uses segment features and a heuristic scheme for matching and pose estimation.
Problem Statement
The Swiss National Exhibition takes place once in 40 years. The most recent edition, Expo.02, goes from May 15 to October 21, 2002. It is a major national happening with 37 exhibitions and a rich event program. The exhibition Robotics is intended to show the increasing closeness between man and robot technology. The central visitor experience of Robotics is the interaction with ten autonomous, freely navigating mobile robots on a surface of about 320 m 2 . Their main task is giving guided tours but includes also a robot taking pictures of visitors. The exhibition is scheduled for five hundred persons per hour. For this task, the main specifications can be summarized as follows:
1. Navigation in unmodified, highly populated environments with visitors and other freely navigating robots 2. Bidirectional multi-modal interaction using easy-to-use, intuitive yet robottypical interaction modalities. Speech output in four languages: French, German, Italian and English 3. Safety for visitors and robots at all time. 4. Reliable operation during ten and a half hours per day, seven days per week, during five months 5. Minimal manual intervention and supervision 6. Adaptive multi-robot coordination scenarios in function of the number of visitors and their interests 7. Development of ten robots within tight budgets and schedules
After an outline in section 3 of how these points have been addressed, we mainly focus in this paper on the first point and present the localization technique of Robox from section 4 on.
The Mobile Robot Robox
The above requirements are a challenge. Based on a long-standing experience in the lab in robot design, system integration and long-term experimentation [2, 4] , we concluded that building a robot from scratch is the best to do.
Basic functionalities
The Robox hardware consists of three main components according to the functionalities mobility, interactivity and safety (figure 2).
The lower part of the robot (base) contains the CompactPCI controller, the laser range finders (two Sick LMS 200), the drive motors, the redundant safety circuit, batteries, the bumpers, the tactile sensors and the analogue and digital I/O peripherals. It is motorized by two differentially actuated wheels on the middle axis using 1:50 harmonic drives and a castor wheel on both sides. This gives Robox an good manoeuvrability and stability in spite of its height of 1.65 m.
The upper part of the robot incorporates the interaction modalities. The face includes two eyes with two independently actuated pan-tilt units and two mechanically coupled eyebrows. The right eye is equipped with a Firewire color camera for people tracking. The left eye integrates a LED matrix for display of symbols and icons. The eyebrows further underline facial expressions with a rotational movement. There is further a high quality speech synthesizer with the four required languages. The central input device which establishes a bidirectional communication with the visitors are four buttons that allow language selection, response to questions the robot asked and other types of actions. Two of the ten Roboxes will also be equipped with a directional microphone matrix for experiments on speech recognition.
Hardware Architecture
Navigation software is considered as safety-critical and is running on the hard real-time operating system (RTOS) XO/2 [4] installed on a PowerPC 750 (G3) at 380 MHz. The PowerPC board interfaces the two laser scanners, the ceiling camera (via a Bt848-based frame grabber), the tactile sensors, the safety circuit and the drive motors/encoders (figure 2). It communicates with the interaction PC through on-board Ethernet.
The interaction software which is not considered safety-critical is running on a Pentium III CompactPCI board at 700 MHz under Windows 2000. Thus we take advantage of a standard software environment with a wide availability of drivers and libraries for vision, speech synthesis, speech recognition etc. The PC has access to the Firewire eye camera, the controller for eye pantilts and eyebrows, the input buttons, the LED matrix, the microphone and the two loudspeakers. Via a domotic system, the PC can furthermore interact with elements in the environment: switch on and off light spots, trigger flashes, start demonstrations or control other exhibits via infrared.
The robot is in connection to an off-board supervision PC via radio Ethernet. This PC serves as a supervision and logging tool, displaying important state variables of the robot at any time and storing relevant log information on a daily basis. However, Robox does not rely on this connection and is able to operate in a fully autonomous mode.
Software Architecture
As previously mentioned, the robot controller contains an Intel Pentium and a Motorola PowerPC board. The software has first been designed without taking this fact into account. In a second step, functional units were mapped onto one of the two computers accounting for three different criteria: hardware relation, safety and availability. For hardware related objects such as drivers the choice is obvious (e.g. the Sick LMS 200 to the PowerPC). Safety and timing-critical objects were mapped to the PowerPC due to the functional and temporal guarantees the XO/2 operating system provides. Objects requiring COTS (commercial off-the-shelf) components have been implemented on the Windows based machine because of their availability (e.g. speech out, Firewire eye camera). The resulting diagram is shown in figure 3 .
The highest level program is the scenario controller which accesses all other objects. A scenario is a user program which implements the decisiontree based interaction sequences containing the exact controls of all modalities (speech, face expression, motion, LED matrix, etc.). A sophisticated tour for instance, consists of several small scenarios which are played by the scenario controller. The software for scenario creation is a stand-alone application with a user-friendly graphical interface. Thereby also the untrained user can build his or her own scenarios.
Localizing Robox: a Multi-Hypothesis Approach
Exhibitions are by their nature crowded, highly cluttered and difficult to control. The best hardware is useless if the question 'where am I?' -vital for any navigation task -cannot be reliably answered. Robustly localizing the robot in such an environment becomes a challenge. We must cope with environment dynamics and lost-situations due to collisions, slippage or kidnapping.
Although pose tracking with an extended Kalman filter (EKF) has proven to be a very powerful localization technique, it has the drawback of being a purely local localization technique with the typical risk of loosing the track and going lost. This is in contrast to the POMDP and Markov approaches to localization [17, 18, 11] which maintain a probability distribution over a topology of nodes, previously overlaid onto the environment. Within this graph the robot can never go lost as long as a location probability is maintained for each node. In this manner, arbitrary densities can be represented in order to cope with the problem of location ambiguity. Recently, new approaches which overcome earlier methods have been proposed [9, 14] . They employ the principle of particle filters where the density function of the robot location is approximated by a set of samples. However, all these techniques maintain constantly a big number of hypotheses which in the case of particle filters has to be carefully weighted, updated and re-distributed. The ability of these techniques to properly react to location ambiguity from environment or sensing is due to the quantity of samples and a distribution strategy which must be appropriately chosen.
Unlike these methods which can be denoted location-driven, our approach to global localization is feature-driven. It reacts directly to the environment in the sense that features tell us when and where to place a location hypothesis -not an a priori topological graph or a dynamically maintained sample set. This allows to maintain always exactly as many hypotheses as necessary and as few as possible. The technique which provides this desirable property is a constrained-based search in an interpretation tree [13, 10, 6, 15] . This tree is spanned by all possible local-to-global associations, given a local map of observed features L and a global map of model features G. We consistently employ the same search for hypothesis generation and pose tracking.
Earlier work [8] deals with multiple hypotheses for map building. Using segments and corners from ultrasonic sensors, their hypotheses model a typological feature ambiguity since the features were difficult to distinguish. We believe that with today sensors (laser and vision) feature extraction can be made very reliable and that rather spatial feature ambiguity is an issue to address. Other approaches like [20] propose hybrid, metric-topological models to combine advantages from the EKF and POMDP-worlds. However, [20] requires a clearly structured topology since otherwise the approach reduces to an EKF technique with the known limitations. This is not always the case, especially for exhibitions.
Motivation and Problem Statement
After five years of experience in EKF-based position tracking on more than 100 km overall travel distance with three different robots [2] , we locate the most critical failure causes for a localization technique as follows:
• Heavy violations of system and system noise models. Collisions and severe odometry drift in directions which were not correctable by the observations (figure 4).
• Feature discriminance. Low feature discriminance is spatial sensing ambiguity on the level of extracted features and expresses itself as proximity in the feature's parameter space ( figure 5 ).
In practice, single hypothesis tracking can often relocalize a robot which went lost due to non-discriminant features, since they typically yield close-tothe-truth pose estimates. But in general both problem sources, especially in simultaneous occurrence, can lead to false matchings and irrecoverable lost situations. A robust localization technique shall therefore cope with these Fig. 4 . A lost-situation which is difficult to detect: when the vehicle arrives at the end of a corridor with a critical amount of accumulated odometry drift (the estimated position is drawn in gray, the true one in black), the point feature {l2} is wrongly matched even if the uncertainty models are correct. Instead of the pairing {l2, g2}, the wrong pairing {l2, g3} is produced. Alg. 1. Given a hypothesis h (with empty S h and no location in the beginning), the local map L and the global map G, the algorithm returns the set of generated location hypotheses H.
issues and further be able to recover from lost situations caused by collisions and kidnapping.
5 Hypothesis Generation
Geometric Constraints
A pairing p ij = {l i , g j } is an interpretation of the measurement l i saying that l i and g j denote the same physical object in the environment. l i is the local feature, g j the global map feature. Given two pairings p ij , p kl , a geometric constraint is a condition on l i and g j or a condition on l i and l k and on g j and g l . Geometric constraints direct the search in the space of all possible data associations and reduce enormously the complexity of the problem. Since we deal with uncertain geometric information all comparisons use the Mahalanobis distance and a significance level α. We can classify geometric constraints into two categories:
Location Independent Constraints
Location independent constraints can be validated without having an estimation of the robot location. They include unary and binary constraints. Unary constraints apply on intrinsic properties of a feature. Examples are feature type, color, texture or dimension such as length or width. Unary compatibility is directly found by comparison (function satisf unary constraints ). They are powerful since whole subspaces can be excluded from the search beforehand by simple preprocessing of the map.
Binary constraints always apply to the features of two pairings. Binary constraints are used to validate whether two local features are consistent with two global features (function satisfy binary constraints). Examples include relative measures such as distance or angle.
Location Dependent Constraints
Location dependent constraints come into play as soon as a robot position is available.
The rigidity constraint performs a single-feature global-to-local frame transform also known from the matching step in a EKF localization scheme. Given a robot location L h with moments x and P , an observation l i in the robot frame, and a pairing candidate g j from the map, rigidity is satisfied if the observed feature matches the model feature in the robot frame (rigidity works in any reference system however).
Visibility constraints indicate whether a model feature g j is visible from a robot location L h . Non-visibility can be due to feature properties as relative view direction, and due to sensing limitation as maximal range or resolution. Segments and lines, for instance, always have a visible outside toward free space and an invisible inside toward the wall they model. In this sense, the robot can be behind a feature which therefore can be prevented from further consideration.
Extension constraints test whether an observed feature fully overlaps (is contained in) the candidate model feature at the given location. This is relevant for features like line segments or circular arcs.
Global Localization Using Geometric Constraints
The problem of mobile robot localization is formulated as a data association problem using geometric constraints [10, 6, 15] . It is the problem of finding the set of correct associations of observations to model features in the space of all possible ones. 'Correct' denotes statistical compatibility given all involved uncertainties. The search space has the structure of an interpretation tree [13] with l levels and m+1 branches. The extra branch allows correct associations in the presence of spurious observations and thus accounts for environment dynamics.
The search strategy employed here is a depth-first, backtracking search which applies geometric constraints at each tree node to validate whether geometric relations among observations and their associated model features are (still) satisfied. This is realized in a identifying while locating scheme in which pairing formation and location estimation is performed simultaneously [1, 7] . The strategy reflects the fact that location dependent constraints are more powerful in falsifying infeasible hypotheses than location independent constraints.
Algorithm 1 tries first to find a minimal supporting set with location independent constraints such that a location estimate can be determined (part B). When an observation is selected from the local map (function select observation), optional rules can be applied to choose an observation which generates as few pairings as possible. As soon as a robot location estimate is available (function location available), the algorithm applies location dependent constraints (satisfy location dependent cnstr). If a new acceptable pairing is found, it is added to the supporting set S h = {p 1 , p 2 , ..., p p }, the location estimate is refined (function estimate robot location) and the function recurs in a depth-first manner (part A). Thus, at each tree level, all consistent pairings between the observation l and all model features g ∈ G are generated. The algorithm also considers the possibility of observations being spurious by recursing without consideration of the previously selected observation. Note that the significance level α is the only parameter the user has to specify. It decides on acceptance or rejection of the geometric constraints.
Estimating the Robot Location
Given a supporting set S h = {{l 1 , g j1 }, {l 2 , g j2 }, ..., {l p , g jp }} the robot position L h is to be estimated. Using the Kalman filter will fail since it requires an a priori state estimate. For the case of hypothesis generation where no a priori information is available, an adequate reformulation of the EKF is the extended information filter (EIF). The EIF is a batch estimator and resembles directly the weighted mean. Refer to [3] for derivation and [1] for its use in this context.
Hypothesis Generation During Tracking
As pointed out in [8] , robot navigation deals with two types of uncertainty: uncertainty in the values of measurements and uncertainty in the origin of the measurements. The interpretation of l 2 in figure 4 is ambiguous since l 2 could be g 2 or g 3 . By representing several statistically possible interpretations as multiple robot location hypotheses, we will be able to cope with the case of figure 4.
Therefore we look for an algorithm which re-generates hypotheses during tracking as soon as there is no guarantee anymore that the correct interpretation can be found. This property has track hypothesis, which, given a location, a local and a global map, splits up into multiple offspring hypotheses if statistical compatibility with several supporting sets can be established at that location. As for hypothesis generation, algorithm 1 generates at each level of the interpretation tree all consistent pairings between the observation l and all model features g. If a new acceptable pairing is found, the function recurs with an extended supporting set but this time not with a refined position estimation. In this manner the algorithm finds all supporting sets in the vicinity of the initially given location L h and returns them in form of a hypothesis set H t . Again, the second recursion call implements the extra branch in the interpretation tree that allows correct associations in the presence of outlier observations. After track hypothesis has been applied for each h, we can distinguish the three cases verification, falsification and division:
• |H t | = 1, hypothesis verification. The hypothesis h i is confirmed. Given the supporting set S h , the robot location is estimated and h i is admitted to the new H.
• |H t | = 0, hypothesis falsification. The hypothesis can not be held any more by location dependent constraints on the significance level α. It gets rejected. Hypothesis scoring could be employed here if the quality of the noise models were so poor that the true hypothesis gets discarded often. Hypotheses would be rejected if the score fell below a threshold through several falsifications and not just by a single one.
• |H t | > 1, hypothesis division. The track of hypothesis h i splits up into several offspring hypotheses {h i,1 , h i,2 , ..., h i,o } which all can be held by location dependent constraints at the predicted robot location. The robot locations are estimated with the EIF using their respective supporting set.
Unlike Bayesian approaches to multi-hypothesis localization, hypotheses generated with our method do not have an individual probability. They are equally plausible robot locations since they satisfy their uncertain geometric relationships on the same given significance level α.
Location estimates differ, however, in their geometric quality. This is measured by the joint Mahalanobis distance which is like the Mahalanobis distance (8) except that it applies not only to a single pairing but sums up over the whole supporting set including correlations. It is basically the sum of the weighted squared error distances (residuals). The best hypothesis is the one minimizing the joint Mahalanobis distance, that is the hypothesis which satisfies best the rigidity constraint from its location.
Alg. 2. Given the local map L, the global map G and the hypothesis h to be tracked at location L h , the algorithm returns the set of tracked hypotheses Ht.
Experiments
In the simulation experiments, odometry employes two error models (see below) whereas observations and model features receive a typical, constant and uncorrelated uncertainty. In the beginning, the user drops the robot at a position from which -since H is empty -the hypothesis generation phase is started. Tracking is done by manually placing the robot relative to its last true position. These user positions are the predicted odometry positions for which the error models compute the corresponding uncertainties (robots drawn in gray with 95%-ellipses in figure 6 ). The real robot (black in figure 6 ) is subject to errors according to the models and reaches the specified locations only approximately.
The simulation run of figure 6 shall test simultaneous hypothesis generation and tracking under conditions of significant odometry errors and low feature discriminance. We inject
• Wheel space noise accounting for uneven floors, wheel slippage or resolution artifacts. Error growth factors have been magnified by a factor of two with respect to the identified values in [2] .
• Cartesian space noise accounting for collisions. A simple model with error growth proportional to the relative angular and translational displacement has been taken. Growth factors have been magnified by a factor of ten of what would be physically suggested.
• Kidnapping noise accounting for the case of a robot clandestinely brought away from its true position. This type of noise is unmodeled. figure 6 denote 95% probability levels.
Results
In step 1, the robot has no a priori knowledge of its position and observes two perpendicular lines. This yields 72 hypotheses (figure 7a). Steps 3 and 4 are sufficient to localize the robot which stays localized until step 8. This although the robot moves blindly on a long distance between steps 6 and 7, causing the uncertainty to grow extensively and thus the error of the true robot as well. In step 11, the robot tries to move forward but collides with a person. It ends up far from the predicted odometry position. No valid pairings can be produced with the current local map at that prediction yielding zero hypotheses -the robot is lost. Hypothesis generation is therefore activated at step 12 with four observed lines. These four lines turn out to be globally unique in combination and therefore yield a single (the true) hypothesis. During steps 13 to 17 (figure 7b) this hypothesis splits up several times since uncertainties do not allow to uniquely determine the true supporting set. Although the lines which give rise to the track splitting are 40 cm apart, the uncertainties from odometry force track hypothesis to generate two or more hypotheses aligned to these lines. In step 18 we kidnap the robot and bring it far down to the bottom of the corridor. The observation at step 18 is still Fig. 8 . Number of hypotheses. Diamonds (steps 4-10,12,13,22,23): the robot is localized, circles (steps 11, 19) : the robot is lost, points: the robot is not localized.
compatible with its expectation from the predicted position (gray). There is no evidence yet to the robot of what happened. Only at position 19 no location dependent constraints can be satisfied anymore -the robot is lost again. The local map from position 20 consists of three lines and yields twelve hypotheses (figure 7c) which can be falsified during the last steps up to the true one (figure 7d): the robot is localized again. During this 23 step path, the following data has been recorded: The average relative displacement between the observations of each step is 1.49 m and -18.0
• in θ. The average prediction error -difference of predicted (gray) and true (black) location -is 0.26 m and 10.2
• . A total of 31 hypotheses performed track splitting into a total of 70 offspring hypotheses. Further, the number of floating point operations has been determined as 58 kflops in average and 355 kflops maximal.
The algorithm succeeded always in generating, tracking and confirming the true robot hypothesis. This is remarkable in view of the extent of odometry errors and the average distance between two observations. The robot stays localized in the presence of errors and sensing ambiguities where, drawn from experience, a single hypothesis tracking would fail. This is a dramatic increase in robustness which is made possible with relative small computational costs.
An important observation is also that odometry error models become less important. They are liberated from the burden to be physically well grounded uncertainty models but get the character of local search regions in which track hypothesis looks for feasible pairings.
Runtime measurement on Robox confirm the algorithm's efficiency: around 110 ms average localization cycle time (hypotheses tracking) and rarely more than 800 ms for hypotheses generation. This was measured with the robot under full CPU load by the whole software.
Conclusions
In this paper we presented the mobile robot Robox, a fully autonomous platform designed for operation in a mass exhibition environment. Considered as an enabling technology for the robot, the localization technique was presented in detail after an outline of Robox' specification profile.
At the time of this writing, the Expo.02 pavilion opened fifteen days ago. During this period, the Robox family was 1,218 hours in operation, served more than 60,000 visitors and drove a total distance of 278 km. Already with these preliminary numbers, Robox clearly overcomes the scope of previous exhibition projects [5, 19, 17, 12] .
From the experiments and the first days of operation we conclude that the presented approach is practical and exhibits the degree of robustness which was initially required. With the results for the average computational effort for both, hypothesis generation and tracking, the experiments further suggest that the typical efficiency of the feature-based paradigm could have been retained. Future work will include a more in-depth examination of how this localization algorithm copes with the particularities of the Expo.02 environment.
